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abstract: Genetic variation for individual traits is typically abun-
dant, but for some multivariate combinations it is very low, sug-
gesting that evolutionary limits might be generated by the geometric
distribution of genetic variance. To test this prediction, we artificially
selected along all eight genetic eigenvectors of a set of eight quan-
titative traits in Drosophila serrata. After six generations of 50% trun-
cation selection, at least one replicate population of all treatments
responded to selection, allowing us to reject a null genetic subspace
as a cause of evolutionary constraint in this system. However, while
all three replicate populations of the first five selection treatments
displayed a significant response, the remaining three, characterized
by low genetic variance in their selection indexes in the base pop-
ulation, displayed inconsistent responses to selection. The observa-
tion that only four of the nine replicate populations evolved in re-
sponse to the direct selection applied to them in these low genetic
variance treatments, led us to conclude that a nearly null subspace
did limit evolution. Dimensions associated with low genetic variance
are often found in multivariate analyses of standing genetic variance
in morphological traits, suggesting that the nearly null genetic sub-
space may be a common mechanism of evolutionary constraint in
nature.
Keywords: artificial selection, genetic variance, constraints, adapta-
tion, evolution.
Introduction
Genetic variation is found in all but the smallest of pop-
ulations (Willi et al. 2007) and in almost any individual
trait (Blows and Hoffmann 2005). In contrast, genetic var-
iation in combinations of traits is often very low for a
substantial proportion of the phenotypic space, as revealed
by geometric analyses of the genetic variance-covariance
matrix (G; Kirkpatrick 2009; Walsh and Blows 2009). The
geometric distribution of genetic variation is dramatically
uneven among trait combinations because pleiotropic co-
variation among traits reduces the number of genetically
independent trait combinations that can have appreciable
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genetic variation (Johnson and Barton 2005; Kirkpatrick
2009; Walsh and Blows 2009).
Although the geometry of G typically reveals trait com-
binations with very little (and statistically nonsignificant)
genetic variance (Kirkpatrick 2009), the evolutionary im-
plications of the uneven geometric distribution of genetic
variance have not been fully explored. Most attention has
been given to characterizing the bias in evolutionary tra-
jectories that is generated by the geometry of G (Lande
1979; Walsh and Blows 2009), and there is some evidence
to indicate that natural populations respond to selection
in directions that are biased toward greater genetic variance
(Schluter 1996; Chenoweth et al. 2010). In contrast, we
know remarkably little about the evolutionary responses
of multivariate phenotypes that have very little genetic
variance. It is not known whether regions of phenotypic
space with very low estimated genetic variance represent
null subspaces that are subject to absolute genetic con-
straints, such that they are evolutionarily inaccessible (Go-
mulkiewicz and Houle 2009; Kirkpatrick 2009); represent
nearly null subspaces, where evolution will occur only very
slowly and that might be inaccessible to small, declining
populations (Gomulkiewicz and Houle 2009); or impose
no evolutionary constraint at all.
While putative null subspaces can be identified through
a lack of genetic variance in a particular trait combination(s)
from a singular G matrix (Dickerson 1955; Lande 1979;
Mezey and Houle 2005), nearly null subspaces are more
difficult to unambiguously identify. From a theoretical per-
spective, genetic variance low enough to result in an adaptive
rate of small populations that is too slow to escape extinction
(Gomulkiewicz and Houle 2009) has been used to define
the nearly null subspace. In an empirical study designed to
determine whether mutation was generated for all trait com-
binations, the nearly null subspace was defined as that part
of the phenotypic space without statistically significant mu-
tational variance (Houle and Fierst 2013). We use the results
of this study to provide a definition of the nearly null sub-
space that is consistent with both these previous theoretical
and empirical definitions.
Ideally, establishing the extent of null or nearly null
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subspaces for a set of traits should not rely solely on the
statistical significance of estimates of genetic variance
alone, as such estimates are limited in their usefulness for
determining the extent of evolutionary constraints, for
three reasons. First, estimates of G are typically under-
powered because of logistical constraints resulting in small
sample size relative to the very large sample sizes required
to accurately estimate genetic variances and covariances
(Klein et al. 1973; Klein 1974). Second, estimates of the
eigenvalues of G are known to be biased, with current
methodologies having a particular propensity to overin-
flate estimates of the variance associated with the first few
eigenvectors, while underestimating the variance associ-
ated with the last few eigenvectors (Hill and Thompson
1978; Hayes and Hill 1981; Kirkpatrick 2009). Finally,
methods for determining the presence of multivariate ge-
netic variance, such as factor-analytical modeling (Hine
and Blows 2006; Kirkpatrick 2009) or bootstrapped con-
fidence intervals on rank (Mezey and Houle 2005), are
affected by these statistical and power limitations and can-
not be used to reject the hypothesis that null subspaces
occur.
Selection experiments provide a more direct approach
to determining the presence of evolutionary constraints,
circumventing the limitations of measuring standing ge-
netic variance. Provided that selection is applied in a rep-
licated manner to account for genetic drift and that control
populations are used to account for long-term environ-
mental trends under culture (Falconer and Mackay 1996),
the response to selection can be used to infer the available
genetic variance in traits (Falconer and Mackay 1996; Hill
2010). Although the theory of index selection for the si-
multaneous improvement of multiple traits is well devel-
oped in animal breeding (e.g., Lin 1978), evolutionary
selection experiments have tended to be low dimensional
(e.g., Weber 1990; Beldade et al. 2002; Conner 2003).
Where selection has been applied to multiple traits in ei-
ther field, the focus has been on the response of a specific
trait combination to improve production in a single linear
combination, or a small subset of trait combinations of
the higher-dimensional phenotypic space (e.g., Hine et al.
2011). In contrast, the ideal approach to determining the
existence of null subspaces is to select in all possible di-
rections of the higher-dimensional phenotypic space
(Kirkpatrick 2009).
Here, we used a novel high-dimensional artificial selec-
tion experiment to test for the presence of evolutionary
constraints, as defined by null or nearly null subspaces, in
a set of eight cuticular hydrocarbons (CHCs) of male Dro-
sophila serrata. The CHC traits we selected on act as con-
tact pheromones during species recognition and sexual
selection (Higgie et al. 2000; Higgie and Blows 2007), are
genetically correlated with fitness (Hine et al. 2011;
McGuigan et al. 2011; Delcourt et al. 2012; Sztepanacz and
Rundle 2012), and have been shown to respond to selec-
tion under a range of conditions (Higgie et al. 2000; Higgie
and Blows 2007, 2008; Hine et al. 2011). Previous geo-
metric analyses of G have revealed that some regions of
CHC trait space are associated with very low estimated
genetic variation (Hine and Blows 2006).
In this study, we applied artificial selection on each of
the eight eigenvectors of the genetic variance-covariance
matrix of the set of eight CHCs. These eigenvectors have
several useful properties. First, they are mutually orthog-
onal and span the phenotypic space, ensuring that we
applied our evolutionary manipulation across the entire
eight-dimensional phenotype. Second, selection along the
eigenvectors allows us to target both regions of phenotypic
space associated with the highest genetic variance and
regions of phenotypic space associated with very low es-
timates of genetic variance. The eigenvectors of G asso-
ciated with the least genetic variance are putative null or
nearly null subspaces in which evolution is predicted to
be either prohibited (Mezey and Houle 2005) or too slow
to be detected over few generations in small populations
(Gomulkiewicz and Houle 2009). From the responses to
artificial selection, we calculated the realized G (Gunsett
et al. 1982; Cameron and Thompson 1986). We examined
this realized G matrix for evidence of null or nearly null
subspaces and determined whether these constraints could
be predicted from the distribution of genetic variance in
the G matrix estimated through a standard paternal half-
sibling analysis in the base population.
Material and Methods
Experimental Population and Characterization
of Selection Indexes
Experiments were conducted on a population of Dro-
sophila serrata initiated from 33 inseminated wild-caught
females from the St. Lucia campus of the University of
Queensland. Multiple paternity is typical in this species
(Frentiu and Chenoweth 2008). The population was main-
tained as a large (N 1 2,000) randomly mating population
under standard laboratory conditions (Rundle et al. 2005)
for eight generations before G was estimated, using a half-
sib experimental design. We implemented a standard half-
sib breeding design in which 120 sires were each mated
to three dams, and cuticular hydrocarbons (CHCs) of three
sons per dam were assayed (a total of 1,068 male off-
spring). The male offspring in this genetic experiment were
phenotyped under the same conditions that were to be
employed for the selection experiment. At 3 days of age,
males were left to mate with virgin females for 24 h before
their CHCs were extracted and assayed using gas chro-
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Table 1: Cuticular hydrocarbon (CHC) selection gradients and estimated genetic variance (VA) in and
heritabilities (h2) of CHC and selection index traits
Selection gradients
Base VA Base h
2 A B C D E F G H
Base VA .725 .483 .295 .134 .176 .054 .172 .059
Base h2 .115 .399 .273 .251 .208 .273 .128 .199
Realized h2 .206 .427 .326 .237 .197 .121 .155 .197
Z,Z-5,9-C25:2 .069 .111 .146 .028 .132 .063 .159 .301 .342 .851
Z-9-C25:1 .191 .128 .078 .063 .003 .190 .148 .276 .873 .306
Z-9-C26:1 .164 .160 .131 .285 .387 .800 .293 .128 .074 .067
2-Me-C26 .482 .255 .380 .791 .108 .222 .020 .333 .097 .219
Z,Z-5,9-C27:2 .195 .175 .417 .161 .437 .493 .541 .088 .246 .068
2-Me-C28 .258 .178 .467 .216 .240 .002 .029 .769 .183 .227
Z,Z-5,9-C29:2 .349 .147 .358 .197 .480 .096 .756 .044 .107 .095
2-Me-C30 .391 .213 .538 .420 .585 .137 .041 .325 .027 .256
matography, following standard protocols (Sztepanacz and
Rundle 2012).
Nine CHC compounds in D. serrata have been inves-
tigated for their role in species recognition and mate choice
(Chenoweth and Blows 2003; Blows et al. 2004; Higgie
and Blows 2007, 2008), and here we report on these nine
CHCs. These compounds range in length from 24 to 30
carbons and include a homologous series of three (Z,Z)-
5,9-dienes, a homologous series of two (Z)-9-alkenes, and
three 2-methyl alkanes (Howard et al. 2003). The areas
under the peaks corresponding to each of the nine com-
pounds separated on the gas chromatogram were recorded
for each sample. To account for nonbiological variation
in abundances, we determined the proportion of each of
peak and then took log contrasts of eight CHCs. Log con-
trasts were calculated as LCij p log10(yij/xi), where xi is the
area under the peak corresponding to Z,Z-5,9-C24:2, for the
ith individual, and yij is the area under the peak corre-
sponding to the jth CHC trait (table 1) for the ith indi-
vidual. Log contrasts are used to break the sum constraint
of using proportions in compositional data (Aitchison
1986; Blows and Allan 1998).
We obtained a preliminary, restricted maximum like-
lihood (REML) estimate of G for the eight CHC log con-
trasts in a multivariate animal model framework imple-
mented in Wombat (Meyer 2007; Hine et al. 2011). This
analysis was implemented on the log-contrast data without
further transformation or standardization. The eigenvec-
tors of this G were used as the indexes on which upward
artificial selection was applied and can be found in table
1. The selection treatments were labeled A–H correspond-
ing to the first to eighth eigenvector of the REML G. The
target univariate selection trait, Tj (j p A, ..., H), was
calculated as yi
Tgj, where yi is the vector of CHC log con-
trast values for individual i, and gj is the jth eigenvector
of the REML estimate of G.
Selection Experiment
Two control populations were maintained synchronously
with the eight selection populations. Artificial selection was
applied to the experimental populations for six genera-
tions. The entire experiment was repeated three times, with
the three complete experimental blocks of 10 populations
conducted sequentially. For each of the 10 experimental
populations within a block, 60 2-day-old D. serrata mating
pairs were placed in vials for 3 days, after which the sires
were processed for gas chromatography. CHC log contrasts
and selection traits were calculated as outlined above. Sires
were ranked by their selection index scores and 50% trun-
cation selection applied, with two sons and two daughters
collected from each of the 30 top-ranked sires for each
population. Male and female flies from the pool of 2-day-
old offspring within each population were then randomly
assigned into 60 mating pairs, and the whole process was
repeated for six generations. Control populations were
treated in the same fashion but with 30 sires selected ran-
domly. The control populations were used to remove the
effects of temporal fluctuations of the population means
that commonly occur during long-term selection experi-
ments; within each block, the average of the generation
means of the two control populations was subtracted from
the generation means of the selection populations for all
traits (Falconer and Mackay 1996; Hine et al. 2011). This
correction results in data within each block and generation
that is distributed as deviations from the control popu-
lation trait means.
As detailed above, the individual traits composing the
selection indexes are CHC log contrasts, which can take
both positive and negative values and for which the mean
has no intrinsic biological meaning. When the selection
indexes are applied to the CHC log contrasts to generate
individual selection index scores, these can likewise take
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positive or negative values, such that the mean could be
0 in any given generation. It is therefore not appropriate
to scale the selection differentials or the response to se-
lection by trait mean. To visualize the relative responses
in each treatment, we scale both the selection differentials
and the response in index score means by the phenotypic
variance for two reasons. First, there were marked differ-
ences in phenotypic variance among generations; if the
scores were left on the raw scale, this variation would have
obscured the relationship between the selection differen-
tials and selection responses, which were measured in dif-
ferent (sequential) generations. Second, the variation in
the magnitude of phenotypic variances among selection
indexes would have obscured the relative size of the un-
standardized selection responses in those indexes with very
small phenotypic variances. Therefore, the response in the
kth generation was calculated by subtracting the mean in
generation zero from the kth generation mean, first scaling
each mean by their generation-specific standard deviation.
The selection differentials for the kth generation were
based on selection in generation , therefore werek  1
scaled by the phenotypic variance in generation . Allk  1
means and standard deviations in these calculations were
specific to the selection index of their population and the
replicate block of the experiment.
We determined whether the index traits had evolved in
response to the selection directly applied to them through
regression analyses, implemented separately for each treat-
ment in each block. The realized heritability of the ith
selection index (i p A, ..., H) in the jth block (j p 1, ...,
3) was estimated as the linear regression (through the or-
igin) of the response on the cumulative selection differ-
ential (Falconer and Mackay 1996; Hine et al. 2011). The
selection differential for the ith index in the jth block in
the kth generation, Sijk, was calculated as the mean index
score of the selected sires in generation subtractedk  1
from the mean of all sires in generation .k  1
To determine whether the overall amount of change
observed in the selection populations was unusually slow
or rapid, we compared the evolutionary rates of the ex-
perimental populations with reported estimates for pop-
ulations evolving naturally, without artificial selection. The
evolutionary rate for each selection population was cal-
culated as the Mahalanobis distance of the total response
of the set of traits, divided by six (the number of gener-
ations over which selection was applied) to provide a mul-
tivariate analog of the Haldane (Hendry and Kinnison
1999). The Mahalanobis distance provides a measure of
multivariate effect size scaled by the phenotypic variance.
Estimates of evolutionary rates for contemporary popu-
lations were extracted from a database provided by Andrew
Hendry, which has been used in a number of published
studies (e.g., Hendry and Kinnison 1999; Stockwell et al.
2003; Hendry et al. 2008). We compared only those evo-
lutionary rates expressed in Haldanes and based on 10 or
fewer generations, to ensure similar evolutionary time-
scales were being compared.
Estimated Genetic Variances
We reanalyzed the half-sib experiment in a Bayesian frame-
work using Markov chain Monte Carlo (MCMC) methods
to estimate G and confidence intervals about that estimate.
The Bayesian joint marginal posterior distributions cap-
ture the uncertainty in G but also any uncertainty in the
estimates of the nuisance parameters influencing G. There-
fore, applying any linear transformation (e.g., projection
of eigenvectors of realized G through the base population
G) to the samples of the posterior distributions preserves
this uncertainty (O’Hara et al. 2008; Ovaskainen et al.
2008). The posterior distributions from the Bayesian anal-
ysis therefore provided a straightforward approach for us
to characterize the uncertainty in the estimate in the base
population for any combination of CHCs, such as the
eigenvectors of realized G, and for any metrics, such as
heritability.
A Bayesian MCMC animal model analysis of the half-
sib data was implemented on the log-contrast CHC
data, without any further transformation, using the
MCMCglmm package (Hadfield 2010) in R. For the var-
iance components, we used weakly informative inverse-
Wishart priors with the parameters for the distribution set
to 0.001 for the degrees of freedom and the scale parameter
a matrix whose diagonal equaled a vector containing the
phenotypic variances of the traits divided by 2. For the
location parameters, priors were normally distributed and
diffuse about a mean of 0 and a variance of 108. We checked
for model convergence by visually inspecting the trace
plots of, and calculating the autocorrelations for, all var-
iance components estimated in the model. Autocorrela-
tions were less than 0.1 for all variance components (fig.
B1; figs. B1, B2 available online), except for the genetic
covariance between CHC log contrasts Z,Z-5,9-C25:2 and
Z,Z-5,9-C27:2, for which the autocorrelation was 0.102. We
were satisfied from the visual inspection of the trace plot
corresponding to this parameter (fig. B2) that convergence
had been achieved during the burn-in period. Posterior
mean genetic variances and heritabilities of the individual
CHC log contrasts and selection indexes can be found in
table 1 and the Bayesian posterior mean estimate of G in
table B1; tables B1–B4 available online.
Realized Genetic Variances
Expanding on the estimation of realized heritability from
single trait selection experiments, Harvey (1972) and Ber-
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Figure 1: Panel graph showing three aspects of the response to selection, with one selection treatment (A–H, top to bottom) represented
per row. Left panels, response of the index trait under selection for each of the three replicate populations. Means and cumulative selection
differentials are scaled by the phenotypic standard deviation in the index trait specific to the replicate population and generation. Solid
(dashed) lines indicate significant (nonsignificant; a p 0.05) responses to selection in that replicate. Middle panels, the direction of the
total response (after six generations) of the individual cuticular hydrocarbon (CHC) log contrasts relative to the direction of the corresponding
element of the selection index applied (table 1). The eight rows within each of the panels correspond to the eight CHC log contrasts (top
to bottom as in table 1), while the three columns correspond to replicate populations 1 to 3 (left to right). Gray (black) cells indicate the
individual CHC log contrasts that responded to selection in (against) the direction of the selection gradient for that selection treatment.
Right panels, total change in mean versus the realized cumulative selection differential for individual CHC log contrasts. Each panel contains
24 points; one point per replicate population per CHC log contrast. Gray (black) points indicate a CHC trait that responded in the same
(opposite) direction as its cumulative selection differential. Change in means and cumulative selection differentials are shown in trait-
specific phenotypic standard deviations. Unscaled CHC trait change-in-means can be found in table B2, available online.
ger and Harvey (1975) formulated a least-squares proce-
dure for estimating realized genetic covariances of two
traits from selection experiments involving multiple se-
lection indexes of those two traits. This procedure can be
extended to the analysis of n-trait experiments in which
k indexes are selected (k ≥ [n  1]/2; Gunsett et al. 1982;
Cameron and Thompson 1986) by defining h as a vector
containing the upper triangle of G:
h p [G , G , … , G , G , G , … , G , … , G ].11 12 1n 22 23 2n nn
Now let si be the vector of selection differentials (on the
unstandardized scale) for the ith population. The vector of
realized weights for the ith population is wi p P
1si. Let r
be a vector of length kn consisting of the k n-dimensional
vectors of changes in trait means on the unstandardized
scale:
r p [Dz … Dz , Dz … Dz , Dz … Dz ].11 1n 21 2n k1 kn
Here Dzij denotes the change in mean of the jth trait in
the ith population. The set of wi , i p 1, ..., k, are used
to construct W, a matrix consisting of kn rows and n(n 
1)/2 columns. Each of the n elements of wi is represented
once in row n(i  1)  j (j p 1, ..., n) of W, in the
columns corresponding to the elements of h that contain
the variance of and covariances with the jth trait. The
remaining elements in row n(i  1)  j of W are equal
to 0. Appendix A illustrates W, h and r for an example
where n p 3 and k p 2. Having constructed W and r,
the ordinary least squares estimate of the genetic variances
and covariances can then be estimated:
′ 1 ′h p (W W) W r.
Results
Response to Selection
All replicate populations from selection treatments A to E
responded significantly to selection (i.e., showed signifi-
cant realized heritabilites), whereas only one replicate pop-
ulation from each of treatments F and G and two from
treatment H responded significantly (fig. 1, left panels).
Mean realized heritabilities (table 1) of the first five se-
lection indexes in their respective treatments were all sig-
nificantly different from 0 in one-tailed t-tests with 2 de-
grees of freedom: A, , ; B, ,t p 3.169 P p .043 t p 11.033
; C, , ; D, ,P p .004 t p 4.595 P p .022 t p 5.437 P p
; E, , . In contrast, mean realized.016 t p 5.403 P p .016
heritabilities (table 1) for the three selection indexes that
responded inconsistently to direct selection were not sig-
nificantly different from zero: F, , ; G,t p 1.824 P p .105
, ; H, , . The obser-t p 1.706 P p .115 t p 1.804 P p .106
vation of evolution in the direction of selection in some
but not all of the replicate populations of each treatment
suggests that a null subspace is absent for these CHC traits
but that a nearly null subspace is likely to be present.
The rates of evolutionary change in individual trait
means, measured in Haldanes, fell within the range of rates
observed in field populations evolving for 10 or fewer
generations (fig. 2). Despite the inconsistent selection re-
sponses displayed by replicate populations for treatments
F, G, and H (fig. 1, left panels), the evolutionary rates of
these treatments were of similar magnitudes to the treat-
ments that displayed consistent selection responses (fig.
2). This suggests that the lack of a significant change in
the index trait mean in two or three replicate populations
of treatments F, G, and H was not simply a consequence
of slower evolution resulting in changes of a lower mag-
nitude over the six generations of selection we applied.
Rather, when evolution occurred, it was substantial relative
to the phenotypic variance in all treatments, and this evo-
lution was of a similar magnitude to that seen in popu-
lations evolving under natural rather than artificial
selection.
Individual CHCs responded to selection in the direction
opposite to their selection gradient with increasing fre-
quency as the genetic variance of the selection index de-
creased (fig. 1, middle panels; cf. top to bottom). This trend
might result from treatments with lower levels of genetic
variance tending to have relatively high loadings on single
traits. Although there did not appear to be any consistent
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Figure 2: Evolutionary rates observed in the selection treatments
compared to reported estimates for contemporary populations. Point
estimates and their error bars represent the mean and standard de-
viation in evolutionary rate of the three replicate selection lines within
each treatment. The range of evolutionary rates observed in contem-
porary natural populations for time intervals between 1 and 10 gen-
erations from the database associated with (Hendry et al. 2008) are
displayed in the gray area for four taxon groups.
difference between high and low genetic variance treat-
ments in their trait loadings (table 1), we explored this
question further by looking at the relationship between
the amount of selection applied to individual traits and
the direction in which they evolved relative to the direction
of selection. The right panels of figure 1 show the rela-
tionships between the responses and cumulative realized
selection differentials of individual CHC traits. Generally,
if the cumulative realized selection differential on a given
trait was greater than two phenotypic standard deviations,
the trait responded in the direction of contribution to the
selection index, regardless of treatment. In all treatments,
some traits experienced less selection, and these traits, for
which the cumulative realized selection differential was less
than 2 standard deviations, exhibited a tendency to re-
spond in the direction opposite to their selection differ-
ential in treatments associated with lower genetic variance
(i.e., F–H; fig. 1, right panels).
Realized and Estimated Genetic Variances
We calculated realized G for each of the three experimental
blocks (table B3), and averaged over the three blocks to
obtain . The eigenvectors of can be found in tableG GR R
B4. To explore the relationship between the standing ge-
netic variation estimated in the base population through
the half-sib breeding design and the genetic variation ob-
served through the responses to selection, we placed all
genetic variances in the space of using the projectionGR
equation , where xi is the ith eigenvector (normalized
Tx Gxi i
column vector) of . As illustrated in figure 3A, the ma-GR
trix G in the projection equation is: the three individual
replicates of GR (to generate the realized genetic variances
in each replicate selection block); the posterior mean es-
timate of G from the Bayesian analysis of the half-sib
experiment (to generate the point estimates of genetic var-
iance in the base population); and the 1,000 posterior
samples from which the posterior mean estimate was cal-
culated (the 26th and 975th values of these 1,000 ordered
projection values define the 95% Bayesian highest poste-
rior density [credible] interval).
The estimate of genetic variance in the base population
successfully predicted relative evolutionary potential across
the phenotypic space (fig. 3A). The realized genetic vari-
ances for the first five eigenvectors of fell within orGR
close to the credible intervals of the estimated values (fig.
3A). However, as genetic variance decreased (to the right
in fig. 3A), there was a tendency for the realized genetic
variance to fall below the 95% credible interval of base
population G. This was particularly the case for the seventh
and eighth eigenvectors of , for which realized geneticGR
variances fell below the 95% credible interval for all three
replicates of the selection experiment. All three estimates
of realized genetic variances were close to 0 for the seventh
and eighth eigenvectors of , as was one replicate estimateGR
for eigenvector six (fig. 3A). The mean realized geneticGR
variance was not significantly different from 0 in any of
the last three eigenvectors of (based on one-tailed t-GR
tests with 2 degrees of freedom), consistent with the pres-
ence of a null or nearly null subspace. In contrast, mean
realized genetic variances were significant for all of the
first five eigenvectors of . Figure 3B shows the corre-GR
sponding realized and estimated heritabilities for the eight
eigenvectors of . The estimated base-population heri-GR
tabilities of the lower (7 and 8) eigenvectors of wereGR
high, higher than for the first eigenvector of (fig. 3B).GR
This high estimated heritability did not result in the ex-
pected substantial evolution, as indicated by the much
smaller realized heritabilities for these traits (fig. 3B).
There are at least two possible explanations for the half-
sib estimated genetic variances of the seventh and eighth
eigenvectors of being larger than their realized values.GR
First, the MCMC approach tends to inflate estimates of
variance that are close to 0 due to the positive definite
restriction imposed on the estimation of G, resulting in
overestimation of the genetic variance in traits with very
small genetic variances. Realized genetic variances are not
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Figure 3: Estimated and realized genetic variances (on the unstan-
dardized scale) and heritabilities of the eight eigenvectors of average
realized G, . The eigenvectors of were projected onto the 1,000G GR R
posterior samples of the genetic and phenotypic variance-covariance
matrices estimated in the Bayesian analysis of the half-sib genetic
design and the realized G of each of the three experimental replicates.
A, Means (circles) and 95% credible intervals (uncertainty intervals)
of the 1,000 samples of the posterior distributions of the genetic
variances estimated in the half-sib data, the realized genetic variances
in each of the three experimental replicates (symbols 1, 2, and 3),
and the mean (square) and standard errors based on the three es-
timates. B, Same as for A except values represent heritabilities. To
obtain the realized heritabilities in replicates 1, 2, and 3, we divided
the realized genetic variances (in A) by the posterior mean estimates
of the base population phenotypic variances. Point estimates of her-
itability in the base population were obtained by dividing the pos-
terior mean genetic variance by the posterior phenotypic variance.
Uncertainty intervals were obtained by dividing each of the 1,000
samples of genetic variance by the phenotypic variance in the cor-
responding iteration.
constrained to be positive, and will not be affected by this
issue. Second, selection may not have been sufficiently
strong to elicit a detectable response, such that the low
realized genetic variances in eigenvectors seven andGR
eight (and to some extent six) may reflect insufficient se-
lection applied in these trait combinations. We investigated
this possibility by comparing the realized genetic variance
in the eigenvectors of with the greatest selection dif-GR
ferential they experienced within each replicate set of se-
lection populations (fig. 4). We generated univariate scores
for each eigenvector of (in the same way as for theGR
selection indexes, described above) then calculated their
cumulative selection differentials (in phenotypic standard
deviations) in each selection population, and retained the
maximum (absolute) value across the eight populations,
repeating this for each of the three replicate blocks. Max-
imum cumulative selection differentials for eigenvector
seven are greater than three phenotypic standard devia-
tions for all three replicates of the selection experiment
(fig. 4). Two of three maximum cumulative selection dif-
ferentials for eigenvectors six and eight are at the lower
end of the range, but they still represent selection of at
least 2.4 phenotypic standard deviations (fig. 4). Therefore,
we can reject the possibility that the low realized genetic
variance associated with eigenvectors six, seven, and eight
of was a consequence of insufficient selection beingGR
applied to these trait combinations.
The last eigenvectors of represent that part of theGR
phenotypic space in which a null subspace, defined as
where a trait combination did not respond to selection in
any treatment, is most likely to reside. We therefore made
a more detailed investigation of the response to selection
of eigenvectors seven and eight across all selectionGR
treatments. We determined whether a selection response
had occurred in these trait combinations in each selection
line, using the same standard linear regression approach
employed for the trait combinations under direct selection
in figure 1 (left panels). For both eigenvectors there were
several instances of significant responses (fig. 5). The most
consistent response in eigenvector seven was seen in treat-
ment H, in which the most selection to this trait com-
bination was applied. In contrast, for eigenvector eight,
no response was detected in any of the replicate popula-
tions of treatment F, in which the cumulative selection
differential of eigenvector eight was the greatest. However,
individual replicate lines in other treatments significantly
responded in this trait combination, and these lines tended
to be from treatments where the trait under direct selection
had substantially more phenotypic and genetic variance,
suggesting that indirect selection was more effective than
direct selection for the trait combination representing
eigenvector eight. The detection of some evolutionaryGR
response in the trait combinations associated with eigen-
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Figure 4: Relationship between the realized genetic variance in the
eigenvectors of and the maximum selection that was (indirectly)GR
applied to them across the eight selection treatments within each
experimental block. The realized genetic variances here are the same
as those in figure 3. Points are represented by the corresponding
eigenvector number, with three points per eigenvector corresponding
to the three replicate populations. Cumulative selection differentials
are in phenotypic standard deviations.
vectors seven and eight of allowed us to reject theGR
hypothesis of a null subspace for these CHC traits. How-
ever, the inconsistent responses of eigenvectors sevenGR
and eight to selection reinforces the interpretation of a
nearly null subspace based on the inconsistency of the
direct responses to the selection indexes.
Discussion
Evolutionary limits might be generated by four mecha-
nisms, two of which we can now exclude for Drosophila
serrata CHCs. First, we can definitively reject a lack of
genetic variance as a frequent cause of evolutionary limits,
consistent with recent evidence from Drosophila melano-
gaster showing that mutation is capable of generating ge-
netic variation in all directions of wing shape phenotypic
space (Houle and Fierst 2013). The second mechanism,
overdominance of alleles under selection, was excluded as
a mechanism underlying the evolutionary limit in a pre-
vious experiment (Hine et al. 2011), and we consider it
an implausible explanation of the inconsistency of re-
sponses to selection in treatments F, G, and H. While our
experiments do not preclude these mechanisms generating
evolutionary limits in other specific circumstances (Hoff-
mann et al. 2003; van Heerwaarden et al. 2008), neither
appears likely to be a common mechanism resulting in
evolutionary limits for standard quantitative traits that dis-
play genetic variation on an individual-trait basis.
The two remaining mechanisms share an emphasis on
low frequency alleles contributing to the response: the
sampling of low frequency alleles and antagonistic selec-
tion acting against an increase in their frequency. In a
previous study (Hine et al. 2011), we found that antag-
onistic selection halted evolution in one CHC combination
with very low genetic variance. Antagonistic selection was
associated with the increase of a low-frequency allele under
the artificial directional selection applied. It was shown
that natural selection kept this allele at relatively low fre-
quency, even though sexual selection through female
choice favored an increase in its frequency. This suggests
that even when a response to selection for a trait with very
low genetic variance does occur, antagonistic natural se-
lection against the response might be a general expectation
if the genetic variance in such trait combinations is con-
tributed mainly by rare deleterious alleles (Hine et al.
2011). The evolutionary potential of traits with very low
genetic variance is therefore likely to be influenced by both
the sampling, and the fitness consequences of low-fre-
quency alleles.
Although the allele frequencies at individual loci that
underlie genetic variances in natural populations are gen-
erally unknown (Kelly 2009), a predominance of low-fre-
quency alleles contributing to trait genetic variances is
predicted under mutation-selection balance theory (John-
son and Barton 2005) and is consistent with recent
genome-wide association studies (Yang et al. 2010). The
inconsistent nature of the selection response observed in
this study, for phenotypes with very low genetic variance
but not for phenotypes with higher genetic variance, in-
dicated that sampling of rare alleles in each of the replicate
populations was likely to be an important component de-
termining the response. It follows that traits exhibiting low
genetic variance (such as those selected on in treatments
F, G, and H) may be characterized by a reliance on low-
frequency alleles for the response to selection. The prev-
alence of inconsistent responses to selection for traits with
low genetic variance extends the theoretical concept of a
nearly null subspace where adaptation is slow relative to
population decline (Gomulkiewicz and Houle 2009), to
encompass a lack of response in some populations as a
consequence of sampling. Regions of phenotypic space
associated with low levels of genetic variance may therefore
represent nearly null subspaces in which adaptation will
either be slow or where a response will stochastically occur
(or not).
The experimental demonstration that trait combina-
tions associated with very low estimated genetic variance
are less likely to respond to selection has two important
implications. First, the general conclusion that genetic var-
iation is available at an appreciable level in the vast ma-
jority of traits, inferred from measures of genetic variance
in single traits (Blows and Hoffmann 2005) must be
viewed as having very limited applicability in an evolu-
tionary context. When selection acts on combinations of
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Figure 5: Indirect response of eigenvectors 7 (left panels) and 8 (right panels) in the six replicate control populations, and the threeGR
replicate populations of each of the selection treatments (A–H). Means and cumulative selection differentials are scaled by the phenotypic
standard deviation specific to the eigenvector in each replicate population and generation. Solid (dashed) trajectories represent significance
(nonsignificance), at a p 0.05, of the regression through the origin of the response as a function of cumulative selection differential. Dotted
horizontal lines demark the range traversed by the control populations (as illustrated in the top panels for each eigenvector), which might
vary through environmental variation. Eigenvector 8 exhibited slightly more variation in the control populations than did eigenvector 7.
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traits, as will often be the case, the genetic variance of a
single trait will be a poor predictor of whether the trait
will respond to selection, or even the direction in which
it will respond: in the current study, all traits responded
in the opposite direction to which selection was applied
in at least one population, and traits experiencing sub-
stantial selection changed very little in at least one pop-
ulation (fig. 1). A considerable amount of effort in evo-
lutionary quantitative genetics has been directed toward
the estimation of genetic parameters that are known to
have large sampling errors associated with them. In par-
ticular, determining the magnitude of genetic correlations
(Roff and Fairbairn 2007) and more recently the eigen-
values of G (Mezey and Houle 2005) with a sufficient
degree of certainty to be able to reliably predict the re-
sponse to selection is a fundamental requirement of a suc-
cessful theory of microevolutionary change for multiple
traits (Lande 1979). It is surprising therefore that little
systematic attention has been given to using manipulative
experiments to determine the availability of genetic vari-
ation in complex phenotypes, beyond selection on two
traits (e.g., Weber 1990; Beldade et al. 2002; Conner 2003).
Our experiment demonstrated that estimates of genetic
variance in the base population predicted remarkably well
the relative ability of trait combinations to respond to
selection.
It is important to highlight the distinction between the
level of genetic variance in a trait and its heritability. In
both the set of individual traits and the set of selected
linear combinations of traits, the additive genetic variances
differ by up to an order of magnitude (table 1). In contrast,
all traits have heritabilities that range between 10% and
40%. The similarity of heritabilities arises because traits
with large additive genetic variances also tend to have large
residual (nonadditive and environmental) variances (Han-
sen et al. 2011). Here, heritabilities of similar magnitude
in our experiment resulted in very different evolutionary
responses, and base-population heritabilities were less in-
formative of evolutionary potential than the unscaled ad-
ditive genetic variances, a pattern consistent with general
problems with predicting evolution from heritability
(Hansen et al. 2011).
The second general implication of our demonstration
of nearly null spaces arises from the fact that published
estimates of G for morphological traits each reveal a sub-
stantial proportion of the phenotypic space is associated
with low levels of genetic variance (Kirkpatrick 2009;
Walsh and Blows 2009). This implies that the response to
selection for many sets of morphological traits is likely to
be subject to the same inconsistency in response as we
have uncovered for the set of D. serrata CHCs. Heightened
concern over the vulnerability of populations to extinction
when ecological conditions change as a consequence of
climate change (Williams et al. 2008; Hoffmann and Sgro
2011) has intensified interest in the role of heritable var-
iation in avoiding extinction (Lavergne et al. 2010; Pan-
dolfi et al. 2011; Shaw and Etterson 2012). The capacity
to adapt to rapid environmental change might be a key
determinant of persistence for many species (Spielman et
al. 2004). Although even very little genetic variation in the
direction of selection can result in adaptation over the
long term, if environmental change is rapid, declining pop-
ulation sizes might result in population extinction before
adaptation can occur (Bu¨rger and Lynch 1995; Gomulk-
iewicz and Houle 2009; Duputie et al. 2012), and random
genetic drift might contribute to this outcome. A sub-
stantial part of the multivariate phenotypic space of many
trait sets exhibit low genetic variance, consistent with
nearly null subspaces (Kirkpatrick 2009). Therefore, the
interaction between demographic constraints and the sam-
pling of low frequency alleles may well be a general mech-
anism of evolutionary limits in nature.
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APPENDIX A
Matrix Representation of the Realized G Equation
Matrix representation of the realized G equation, r p Wh.
Dz w w w 0 0 0 G11 11 12 13 11⎡ ⎤ ⎡ ⎤ ⎡ ⎤
Dz 0 w 0 w w 0 G12 11 12 13 12
Dz 0 0 w 0 w w G13 11 12 13 13p .
Dz w w w 0 0 0 G21 21 22 23 22
Dz 0 w 0 w w 0 G23 21 22 23 23⎢ ⎥ ⎢ ⎥ ⎢ ⎥
Dz 0 0 w 0 w w G⎣ ⎦ ⎣ ⎦ ⎣ ⎦24 21 22 23 33
This equation is rearranged to solve for h, the vector con-
taining the upper triangle of G. The elements of r represent
the changes in trait means; for example, Dz12 is the change
in the mean of trait two in population one. Similarly, w23
represents the realized selection weight on the third trait
in population 2.
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